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Abstract: Nitrogen (N) is the main nutrient element that maintains productivity in forages; it is
inextricably linked to dry matter increase and plant support capacity. In recent years, high spectral and
spatial resolution remote sensors, e.g., the European Space Agency (ESA)’s Sentinel satellite missions,
have become freely available for agricultural science, and have proven to be powerful monitoring
tools. The use of vegetation indices has been essential for crop monitoring and biomass estimation
models. The objective of this work is to test and demonstrate the applicability of different vegetation
indices to estimate the biomass productivity, the foliar nitrogen content (FNC), the plant height
and the leaf area index (LAI) of several tropical grasslands species submitted to different nitrogen
(N) rates in an experimental area of São Paulo, Brazil. Field reflectance data of Panicum maximum
and Urochloa brizantha species’ cultivars were taken and convoluted to the Sentinel-2 satellite bands.
Subsequently, different vegetation indices (Normalized Difference Vegetation Index (NDI), Three
Band Index (TBI), Difference light Height (DLH), Three Band Dall’Olmo (DO), and Normalized Area
Over reflectance Curve (NAOC)) were tested for the experimental grassland areas, and composed
of Urochloa decumbens and Urochloa brizantha grass species, which were sampled and destructively
analyzed. Our results show the use of different relevant Sentinel-2 bands in the visible (VIS)–near
infrared (NIR) regions for the estimation of the different biophysical parameters. The FNC obtained
the best correlation for the TBI index combining blue, green and red bands with a determination
coefficient (R2) of 0.38 and Root Mean Square Error (RMSE) of 3.4 g kg−1. The estimation of grassland
productivity based on red-edge and NIR bands showed a R2 = 0.54 and a RMSE = 1800 kg ha−1.
For the LAI, the best index was the NAOC (R2 = 0.57 and RMSE = 1.4 m2 m−2). High values of FNC,
productivity and LAI based on different sets of Sentinel-2 bands were consistently obtained for areas
under N fertilization.
Keywords: leaf area index; productivity; nitrogen; remote sensing; Sentinel-2; vegetation indices;
Panicum; Urochloa
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1. Introduction
The increase in food demand and land use pressure has driven changes in Brazilian cattle
production. In the period from 1950 to 2006, beef production increased about six times, making the
country one of the world’s largest cattle producers [1]. Spatial mapping analysis of Brazilian pastures
between 1985 (118 million ha) and 2017 (178 million ha) indicated that the greatest expansion of livestock
occurred between 1985 and 2002. In this period an increase in Brazilian pasture areas of 57 million ha
occurred, mostly in the northern region of the country and, to a lesser extent, in the Midwest. After 2002,
the pasture area remained relatively stable, varying around 3 million ha by 2017 [2]. From the 2000s,
adoption of new technologies by the producers led to an increase in productivity, which reflected in
increases in the animal stocking rate of pastures and in the individual weight gain of the cattle [1].
According to De Alencar et al. [3], the main grass species cultivated for their high production potential
are crops of the genera Pennisetum, Cynodon, Panicum, and Urochloa. The grasses of the genus Urochloa,
as well as Panicum, are among the most used forage plants in animal production systems in Brazil [4].
In order to improve their productive capacity, the establishment of pasture management
methodologies, and for ecological purposes, information on forage biomass growth dynamics in
pastures is very important [5]. Thus, the study of methods that characterize the pasture environment
is essential, because they enable improvement of the efficiency of forage use, offering more reliable
answers in relation to the animal feeding and provide a better financial return to the producer.
Soil fertility and nutrient availability directly affect the plant growth and pasture productivity,
and insufficient nutrient replacement is pointed out as one of the causes of pasture degradation in
Brazil [6]. Nitrogen (N) is generally considered the main nutrient for maintaining productivity in
forage, increasing the production of dry matter and, consequently, the pasture support capacity in
animal unit by hectare (AU/ha) ([7] and [8]). More specifically, the positive influence of N on dry matter
increase has been quantified by increases in (1) blade/thatch ratio, (2) crude protein content, and (3)
leaf area index (LAI) for different tropical grassland types [3,9–15].
The estimation of forage mass in pastures can be performed through direct and indirect methods,
but indirect methods have advantages over direct methods, since they do not require cutting the
sampled forage biomass and allow evaluation over large areas [16]. Remote sensing methodologies
provide an answer to the questions related to extensive tropical grassland management, allowing to
estimate productivity in extensive pasture areas without in situ destructive sampling. Salimon et al. [17]
state that the use of remote sensing facilitates the measurement of forage biomass through a contrast
between different wavelengths and the other targets, besides presenting a low cost and being able to
cover large areas in a short space of time. Spectral reflectance of canopy covers can provide a fast and
non-destructive method for the evaluation of biophysical parameters, such as LAI, biomass, height,
or N content in the plant.
Different ways of retrieving the LAI, biomass, plant height, or N biophysical information using
satellite information have been proposed. As stated by Sudduth et al. [18], many of the algorithms
used by the sensors use as input data spectral information from the canopy of plants in the form of
vegetation indices, which generally involve the region of visible (VIS) and near infrared (NIR) [19],
regions from 370 to 700 nm and from 780 to 1500 nm, respectively. The potential of vegetation indices to
determine biophysical variables has been widely demonstrated in numerous studies: they are intuitive,
simple, and fast [20–22]. According to Gnyp et al. [23], the use of vegetation indices is essential for crop
monitoring during its development and for biomass estimation models, as input data. Studies with
vegetation indices have emerged seeking to identify the best spectral bands to estimate biophysical
parameters of specific crop types [24–26]. The reflectance of the canopy depends, hereby, on a complex
interaction of several internal and external factors that can vary significantly in time and space, and also
from one crop type to another [27]. Hence, the best way to find efficient and robust indices is to use
large and diverse field datasets, with a variety of different treatments [28].
Foliar nitrogen content (FNC) is correlated with the leaf chlorophyll content, which has a strong
spectral influence on the vegetation spectrum. Hence, chlorophyll-related absorption bands in the VIS
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region are often selected to obtain information of the N status or productivity at large spatial areas [29].
However, it is expected that the spectral response of the pastures will be directly influenced by the
amount of N in the plant, allowing to observe the different amount of N remotely.
For agricultural monitoring by remote sensing, the spatial resolution should ideally be 20 m and,
preferably, 10 m in order to make site-specific management possible [30]. A temporal resolution of
less than a week would be required to follow-up acute changes in crop condition and provide timely
response in management practices. In this context, Sentinel-2 is an Earth observation mission developed
by ESA (European Space Agency) within the Copernicus program devoted to site-specific monitoring.
Sentinel-2 is a constellation of satellites, Sentinel-2A and Sentinel-2B at the moment, launched by the
ESA on 23 June 2015, and 7 March 2017, respectively. They occupy the same sun-synchronous orbit at an
altitude ~786 km, but are separated by 180◦. The Sentinel-2 satellites generate high-resolution spectral
images and support the monitoring of vegetation within the different growth stages due to its wide
bandwidth and high temporal frequency, 10 days at the equator with one satellite and 5 days with the 2
satellites under cloudless conditions, resulting in 2 to 3 days at mid-latitudes. Each Sentinel-2 satellite
has an instrument/sensor (MSI) with a swath of 290 km. It provides a versatile set of 13 spectral bands
from VIS, NIR, and shortwave-infrared (SWIR). Compared to other latest operative sensors, Sentinel-2
incorporates three new spectral bands in the red-edge region, which are centered at 705, 740, and 783 nm,
providing essential information for the vegetation state analysis [31]. Hence, the Sentinel−2 mission
offers enhanced opportunities for agricultural monitoring when compared to other multispectral
operational missions, such as Landsat.
In this respect, the objective of this study is to test different vegetation indices, using hyperspectral
field data resampled to the Sentinel-2 satellite spectral configuration, to estimate essential biophysical
parameters (productivity, FNC, plant height and LAI) of tropical cultivated grasslands subject to
different doses of N in the São Paulo region. With this, we aim to investigate the Sentinel-2 based
application of vegetation indices for the productivity of grasslands, serving a large benefit for the
animal production systems in Brazil. In addition, a recommendation for N fertilization will be made,
based on the productivity data from different grasslands.
2. Materials and Methods
2.1. Experimental Field Area Set-Up and In Situ Measurements
The field experiments were conducted at the Escola Superior de Agricultura “Luiz de Queiroz”
(ESALQ/USP), in Piracicaba, state of São Paulo, Brazil (22◦42′15′′ S, 47◦37′23′′ W, 546 m altitude).
The soil of the area is classified as Eutric Nitosol [32]. The climate of the location is Cwa, according to the
Köppen–Geiger classification, with hot summers and dry winters, with an average temperature below
18 ◦C in the coldest month and above 22 ◦C in the hottest month [33]. The plots were cultivated by drag
seeding, with the grasses Panicum maximum cv. ‘Mombasa’ and Urochloa brizantha cv. ‘Marandu’ sown
in early February 2016. The experimental area was composed of 16 Marandu plots and 16 Mombasa
plots. Each plot had an area of 20 m2. Four N treatments were applied to both grass species and
four repetitions per treatment (4 treatments/species × 4 plots/treatment). The treatments consisted of
applying the doses of 0, 25, 50, and 75 kg N ha−1 on Mombasa and Marandu grassland (Figure 1 and
Table 1). Fertilizations were performed with urea, containing a volume of 46% of N.
To control soil moisture without compromising the cultivation throughout the study cycle a
sprinkler irrigation system was installed in the study site. In order to obtain structural differences
within the canopy and to respect the ideal time of harvest, fixed harvest cuts each 21 days were adopted
for the Mombasa grassland and 28 days for the Marandu one.
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Table 1. Description of experimental treatments for Mombasa (M) and Marandu (B).




25 M1 Lower Dose
50 M2 Medium Dose




25 B1 Lower Dose
50 B2 Medium Dose
75 B3 High Dose
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Figure 1. Experimental area with N treatments for the cultivars Mombasa (M) and Marandu (B) without
fertilization (M0/B0), with 25 kg ha−1 cycle (M1/B1), with 50 kg ha−1 cycle (M2/B2) and with 75 kg ha−1
(M3/B3) cycle. The treatments were applied after each harvest cut made, completing seven applications.
The sprinkler irrigation system, the blocks and the sampling route followed in the field were also
designed for hyperspectral data collection.
To standardize the harvest cuts, the methodology proposed by Silva et al. [4] was followed. Before
cutting the plant height, forage wet mass was determined. After compiling the plant height and
forage wet mass, two height classes of cut grass were defined [4]; with 30 cm for Panicum maximum cv.
‘Mombasa’ and 15 cm for Urochloa brizantha cv. ‘Marandu’. Data collection (plant height, leaf N, weight)
after each harvest for the Mombasa grassland began in October 2016 until April 2017 (total harvest cuts
= 7, harvest each 21 days), but no spectral data were collected in the period of December 2016, due to
unfavorable weather factors. For the Marandu grassland, the field experiment began in October 2016
until April 2017 (total harvest cuts = 7, harvest each 28 days), lacking only spectral data collection in
January 2017, due to the occurrence of rainfall during the cycle. The grassland canopy hyperspectral
data were collected at the end of each crop cycle (21 days for Mombasa and 28 days for Marandu). Field
spectrometry was carried out with a HandHeld 2 Spectroradiometer (ASD Inc., Boulder, CO, USA),
which has a wavelength range of 325 to 1075 nm and a spectral sampling resolution of 1 nm. 10 canopy
points were collected for each plot, by positioning the sensor at 1.5 m above the average height of the
crop, which provided a circular field of view (FOV) of approximately 0.65 m in diameter, and an area of
0.34 m2. In total, 160 spectral sampling points were collected before harvest for each grassland type.
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To obtain forage mass, a square frame of 0.7 m2 was constructed and randomly dropped into
each plot. Subsequently, the wet biomass collected inside the frame was weighed. After weighing
the total fresh biomass, a sub-sample of approximately 200 g/plot of fresh biomass was taken for
botanical separation, subdivided into the biomass components “leaf”, “sheath + thatch” and “dead”
material. Next, the vegetative material was dried inside a forced ventilation oven at 65 ◦C for 72 h to
determine the percentage of dry matter (dry weight/fresh weight) for each biomass fraction. After
this procedure it was possible to estimate the percentage of dry matter of the biomass components for
each treatment area and, consequently, to estimate the productive components (kg ha−1) of the total
forage productivity omitting the biomass of the “dead” material (sheath + thatch). Seven productivity
estimates (kg ha−1) were obtained for each plot.
To obtain the FNC (g kg−1), eight leaves were collected for each treatment for the seven collections
being performed randomly within the plot. Leaf collection corresponded to the newest, fully developed
and with the senescent process started. In the laboratory, the leaves were first washed in running water.
After washing, the leaves were dried (65 ◦C) in paper bags, until reaching a constant weight. After drying,
the samples were ground to determine the N content. The chemical analyses are determined in the
extracts obtained by sulfuric digestion by means of the semi-micro Kjeldahl method [34].
Plant height (cm) was measured from the ground to the curvature of the most expanded leaf at
two locations per plot. To estimate LAI destructively, a sample of known area (0.25 m2) was collected
and, with the help of an integrator model LI-3100C (Li-Cor®), the leaf area was measured. The LAI
(m2 m−2), in this case, was obtained by multiplying the total dry biomass collected in the field by the
leaf area (leaf area/dry biomass) and divided by the known area (0.25 m2).
2.2. Sentinel-2 Imagery
The band configuration of Sentinel-2 is given in Table 2. The bands range from 443 nm to 2190
nm, featuring four bands at 10 m (VIS and NIR bands), six bands at 20 m (red-edge and SWIR) and
three bands at 60 m (atmospheric correction) of spatial resolution.
Table 2. Sentinel-2 bands settings.





1 Coastal aerosol 443 27 60
2 Blue 490 98 10
3 Green 560 45 10
4 Red 665 38 10
5 Vegetation red-edge 705 19 20
6 Vegetation red-edge 740 18 20
7 Vegetation red-edge 783 28 20
8 Near Infrared (NIR) 842 145 10
8a Vegetation red-edge 865 33 20
9 Water vapor 945 26 60
10 Short Wave Infrared (SWIR)-cirrus 1380 75 60
11 SWIR 1610 143 20
12 SWIR 2190 242 20
The images were downloaded directly and free of charge from the ESA server (https://scihub.
copernicus.eu/). ESA provides Level−1C images, being geometrically corrected, with top-of-atmosphere
(TOA) reflectance; and Level−2A images, being geometrically and atmospherically corrected, with
top-of-canopy (TOC) reflectance. We downloaded the Sentinel-2 image from 25 April 2018, to spatialize
the values of vegetation indices, selecting this date because it is the image with the least amount of clouds
during the whole experiment period. In addition, we used the Sentinel Application Platform (SNAP)
toolbox to process these Level−1C images into Level−2A data, using the Sen2Cor procedure [35].
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2.3. Statistical Analysis
2.3.1. Recommendations for N Fertilization
Fertilization practice depends on several factors, that must be analyzed beforehand to provide
advice to farmers and practice a more adequate fertilization, as far as the agronomic aspects are
concerned (greater efficiency in the use of fertilizers) and economic (increase in the producer’s net
income). To make the recommendation of N fertilization for the two cultivars, graphics were made
comparing doses and productivity.
2.3.2. ARTMO
The Automated Radiative Transfer Model Operator (ARTMO) is a scientific software package
consisting of different Radiative Transfer Models (RTMs) and several estimation toolboxes that allow
the development and optimization of algorithms to convert optical images into maps of vegetation
properties [36]. First, the ARTMO software was used to convoluted the spectrum collected in field,
totaling 520 spectra (from 400 to 920 nm), to the Sentinel-2 satellite bands, from band 1 to band 8a
(Table 2).
According to Rivera et al. [37], the spectral indices assessment toolbox developed for the ARTMO
software was used to calibrate and validate the generic formulas, providing all the possible band
combinations from the VIS to the NIR (400–920 nm) region [38]. The method used for the selection of
bands was cross-validated with the k-fold technique to ensure more robust results [39]. This method
divides the available data into k subsets. From these k sub-datasets, k−1 sub-datasets are selected
as a calibration dataset and a single sub-dataset is used for model validation. The cross-validation
process is then repeated k times, with each of the k subsets used as the validation dataset. Thus, all data
are used for calibration and validation. Here, we use a cross-validation procedure of 4 times (k = 4).
After this process, the software provides different statistical evaluators (R, R2, NSE, RMSE, NRMSE)
for the data analyzed, giving the option of ordering the results by statistic. In this study, the results are
ordered by the determination coefficient R2. This methodology was applied to the spectral canopy
reflectance data (n = 9) collected for two grassland cultivars (Mombasa and Marandu). From the best
results provided by the ARTMO software, we selected those that, within a physical and statistical point
of view, correlated better with each of the variables studied.
2.3.3. Spectral Vegetation Indices Analysis
Based on the indices established to obtain different biophysical parameters in the literature, several
generic forms of vegetation indices (Table 3) were introduced in the spectral indices assessment toolbox
along with the in situ data obtained throughout the experiment (productivity, FNC, height and LAI).
The generic indices introduced in ARTMO contain common formulations used to obtain statistical
relationships with different biophysical parameters of vegetation, including N (Table 3). The only
index that remained the same as the original index described by the author was the Normalized Area
Over reflectance Curve (NAOC) [40]. This index is used to estimate the chlorophyll content and is
highlighted in Table 3 with a grey color. NAOC index is based on the calculation of the area over
the reflectance curve, determined from the integral of the red–near-infrared interval divided by the
maximum reflectance in that spectral region.
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Table 3. Generic vegetation indices that were introduced in ARTMO, related to biophysical parameters.
Rλ represents the reflectance and λ the wavelength. The generic name of each index has been established
in this study.
Reference Formula Generic Name Abbreviation Generic Formula
[41] R800−R670R800+R670
Normalized
Difference Vegetation Index NDI
R1−R2
R1+R2
[42] R705R717+R491 . Three Ratio Band Index TBI
R1
R2+R3
















2.3.4. Spatial Analysis of Biophysical Parameters at the Larger Field Scale
The vegetation indices values showed in this work were generated with the cultivars Mombasa
and Marandu field data from the experimental plot area (Figure 1), and were subsequently applied
to the cultivars Urochloa brizantha cv. Piatã and Urochloa decumbens cv. ‘Decumbens’, which have
similar characteristics to the cultivar of Marandu. The cultivars were grown at the experimental site
from the Brazilian Agricultural Research Corporation (EMBRAPA) farm, São Paulo State (21◦58′27′′ S,
47◦51′3′′ W). To test and visualize the application of the parameter retrievals, Sentinel-2 imagery of
this area was used to generate maps visualized with ArcGIS software (version 10.2) and interpreted
based on the fertilization and grazing management.
The area was cultivated with Urochloa brizantha cv. ‘Piatã’ (Figure 2, systems A and C) and with
Urochloa decumbens cv. ‘Decumbens’ (Figure 2, system B). The study area was divided into three systems
(A, B, C) as can be seen in Figure 2, system A (paddock 1 and 2), system B (paddock 3 and 4) and
system C (paddock 5 and 6) [45]. System A is a crop-livestock integration (iCL), in which every three
years one third of the pasture area is cultivated with corn crop type. The iCL systems involves the
cultivation of crops and pastures in the same area in rotational, consortia and/or succession plantations,
allowing increased efficiency in natural resources use, environment preservation, production stability
and producer income [46]. System A is composed of two repetitions (paddock 1 and 2), i.e., type of
management, N fertilization, and rotated pasture method. Each repetition is composed of 6 plots, of
which two are cultivated with corn. The area was uniformly fertilized with urea, with a 180 kg ha−1
dose of N, from November 2017 to May 2018. In this time, four fertilizations (45 kg of N) were already
performed on each paddock, initially at intervals of 50 days and then at intervals of 35 days. The rotated
pasture is characterized by the periodic and frequent change of animals from one paddock to another,
to give a period of rest to the grasslands. System B is an extensive system with continuous grazing
method and without fertilization, composed of two repetitions (paddock 3 and 4). This type of system
is the most commonly used in Brazil due to the lower production cost. In our experimental study,
this system has Urochloa decumbens grassland. System C is an intensive system with two repetitions
(paddock 5 and 6) and a rotated pasture method. The area was also fertilized with N (180 kg ha−1 in
the period from November 2017 to May 2018) and each repetition is composed of 6 plots.
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and 6). Systems A and C are composed of six plots each. The numbers in the graph identify the plots.
System B did not receive N, while systems A and C received, in total, 180 kg ha−1, which was applied
four times with doses of 45 kg ha−1 for each time.
The composition of the study area and its specific conditions is detailed in Table 4. Regarding the
A and C systems, the management was the rotational method, with different development states of the
Piatã grassland within the same system. However, in system C the management was the continuous
grazing and, therefore, the entire area was characterized by the same Decumbens development state.
The rotation cycle in iCL (System A) and intensive system (System C) was 36 days. In the paddock of
the iCL was 9 days (with a rest period of 27 days) and in the intensive system the paddock is grazed
for 6 days (with a rest period of 30 days).
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Table 4. State of development and fertilization of the Piatã and Decumbens grass pasture in the
production systems (A, B and C), on 25 April 2018. Corn = areas under maize cultivation in iCL systems;
growth = paddocks in regrowth in areas under rotated management; pre-pasture = paddocks just
before the animals enter the areas under rotated grazing; grazing = paddocks being grazed by the
animals; post-grazing = paddocks soon after the animals leave rotating grazing areas.
Systems Repetitionof the Area Paddock
Fertilization
(kg ha−1)



















3 3 0 x

















3.1. Productivity and FNC under Controlled N Fertilization
The recommendation for N fertilization proposed in this paper is supported on the results obtained
from the productivity data for Mombasa and Marandu. The biomass productivities of the two grassland
cultivars under N treatments were analyzed during the seven harvest collections. Figures 3 and 4 show
the results according to the four doses of N applied and the four repetitions conducted. In general,
it could be affirmed that while increasing N doses the productivities increase in a linear form for the
Mombasa cultivar (Figure 3) and polynomial form for the Marandu cultivar (Figure 4). The Mombasa
productivity values oscillated from 5000 to 23,000 kg ha−1, and the highest productivity occurred for the
highest dose applied (75 kg ha−1) obtaining an average value for the M3 treatment of 22,605 kg ha−1.
Regarding Marandu cultivar the productivity values varied between 9250 and 18,000 kg ha−1,
and were fitted with a second order polynomial in function of N doses (Figure 4). Compared to the
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Mombasa cultivar, the effect of the highest N doses (75 kg ha−1) was less strong on the productivity
outcome of Marandu.
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Figure 3. Biomass productivity (“leaf” and “sheath + thatch” biomass components) of Mombasa
cultivar with different doses of N.
Agronomy 2019, 9, x FOR PEER REVIEW 10 of 24 
 
Regarding Marandu cultivar the productivity values varied between 9250 and 18,000 kg ha−1, 
and were fitted with a second order polynomial in function of N doses (Figure 4). Compared to the 
Mombasa cultivar, the effect of the highest N doses (75 kg ha−1) was less strong on the productivity 
outcome of Marandu. 
 
Figure 4. Biomass productivity (“leaf” and “sheath + thatch” biomass components) of Marandu 
cultivar with different doses of N. 
The FNC of the two grassland species under N treatments were analyzed in Figure 5 and Figure 
6 showing the results according to the four doses of N applied and the four repetitions conducted. In 
general, it could be affirmed that while increasing N doses the FNC increase in a polynomial form 
for the Mombasa cultivar (Figure 5) and in a linear form for the Marandu cultivar (Figure 6). The N 
values of Mombasa cultivar oscillated from 21.5 to 30.1 g kg−1, and the highest FNC occurred for the 
highest dose applied (75 kg ha−1) obtaining an average value for the M3 treatment of 29.7 g kg−1. 
Similar results can be observed for the M2 treatment obtained, an average value of 29.6 g kg−1. 
 
Figure 5. Foliar nitrogen content (FNC) values of Mombasa cultivar with different doses of N. 
On the other hand, FNC values of Marandu cultivar varied between 20.4 and 27.3 g kg−1 with a 
linear function of N doses (Figure 6). Mombasa cultivar, the FNC value is highest (29.6 g kg−1) and it 
increases in a linear form depending on the dose, that is, the higher dose obtains the higher the N 
content. It should be noted that these data were extracted under the best conditions of water and 
nutrients. This is the reason that the values obtained for the Mombasa and Marandu cultivars ranged 

























Doses of N (kg ha-1 cycle-1)



















Doses of N (kg ha-1cycle-1)
Figure 4. Biomass productivity (“leaf” and “sheath + thatch” biomass components) of Marandu cultivar
with different doses of N.
The FNC of the two grassland species under N treatments were analyzed in Figures 5 and 6
showing the results according to the four doses of N applied and the four repetitions conducted.
In general, it could be affirmed that while increasing N doses the FNC increase in a polynomial form
for the Mombasa cultivar (Figure 5) and in a linear form for the Marandu cultivar (Figure 6). The N
values of Mombasa cultivar oscillated from 21.5 to 30.1 g kg−1, and the highest FNC occurred for the
highest dose applied (75 kg ha−1) obtaining an average value for the M3 treatment of 29.7 g kg−1.
Similar results can be observed for the M2 treatment obtained, an average value of 29.6 g kg−1.
On the other hand, FNC values of Marandu cultivar varied between 20.4 and 27.3 g kg−1 with a
linear function of N doses (Figure 6). Mombasa cultivar, the FNC value is highest (29.6 g kg−1) and
it increases in a linear form depending on the dose, that is, the higher dose obtains the higher the N
content. It should be noted that these data were extracted under the best conditions of water and
nutrients. This is the reason that the values obtained for the Mombasa and Marandu cultivars ranged
from 5500 to 23,000 kg ha−1 and the values obtained for the Piãta and Decumbens grassland ranged
from 400 to 4000 kg ha−1.
Agronomy 2020, 10, 711 11 of 23
Agronomy 2019, 9, x FOR PEER REVIEW 10 of 24 
 
Regarding Marandu cultivar the productivity values varied between 9250 and 18,000 kg ha−1, 
and were fitted with a second order polynomial in function of N doses (Figure 4). Compared to the 
Mombasa cultivar, the effect of the highest N doses (75 kg ha−1) was less strong on the productivity 
outcome of Marandu. 
 
Figure 4. Biomass productivity (“leaf” and “sheath + thatch” biomass components) of Marandu 
cultivar with different doses of N. 
The FNC of the two grassland species under N treatments were analyzed in Figure 5 and Figure 
6 showing the results according to the four doses of N applied and the four repetitions conducted. In 
general, it could be affirmed that while increasing N doses the FNC increase in a polynomial form 
for the Mombasa cultivar (Figure 5) and in a linear form for the Marandu cultivar (Figure 6). The N 
values of Mombasa cultivar oscillated from 21.5 to 30.1 g kg−1, and the highest FNC occurred for the 
highest dose applied (75 kg ha−1) obtaining an average value for the M3 treatment of 29.7 g kg−1. 
Similar results can be observed for the M2 treatment obtained, an average value of 29.6 g kg−1. 
 
Figure 5. Foliar nitrogen content (FNC) values of Mombasa cultivar with different doses of N. 
On the other hand, FNC values of Marandu cultivar varied between 20.4 and 27.3 g kg−1 with a 
linear function of N doses (Figure 6). Mombasa cultivar, the FNC value is highest (29.6 g kg−1) and it 
increases in a linear form depending on the dose, that is, the higher dose obtains the higher the N 
content. It should be noted that these data were extracted under the best conditions of water and 
nutrients. This is the reason that the values obtained for the Mombasa and Marandu cultivars ranged 

























Doses of N (kg ha-1 cycle-1)



















Doses of N (kg ha-1cycle-1)
Figure 5. Foliar nitrogen content (FNC) values of Mombasa cultivar with different doses of N.
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Figure 6. FNC values of Marandu cultivar with different doses of N.
3.2. Performance of Generic Indices
In this work, we analyze the main vegetation indices (Table 3) used to estimate essential biophysical
parameters of the Mombasa and Marandu grasslands. The best performing vegetation indices were
applied for mapping the biophysical parameters for the Piatã and Decumbens areas, in order to extend
the methodology to other varieties of grasslands. For each biophysical parameter, it was observed that
the best results were obtained for the dataset composed of both grassland type values, being the R2
higher than with each of the grasslands individually. Maps of the different biophysical parameters
over the Piatã and Decumbens area have been generated using the vegetation indices calibrated with
the Mombasa and Marandu data (Figures 8, 13 and 15). This was done to visually observe the behavior
of the vegetation indices in other areas. Additional validation of the vegetation indices with specific
field data of the Piatã and Decumbens grasslands is required in the future.
Table 5 shows the Sentinel-2 bands wavelengths with the best performance for the Mombasa and
Marandu grasslands. From the best results provided by ARTMO ordered following the R2 statistic,
we selected those that correlated best with each of the variables studied from a physical and statistical
point of view.
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Table 5. Results of the best bands obtained from the Sentinel-2 satellite for the different vegetation
indices, as a function of the biophysical parameters studied (productivity, FNC, height and leaf area
index (LAI)) for Mombasa and Marandu dataset. The best results are shown shaded.
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R2 = 0.24 R2 = 0.54 R2 = 0.006 R2 = 0.40
For the height variable, the R2 were practically null (Table 5), since the two grassland types
present some morphological differences. Although both have skeptical growth, under normal growing
conditions the Mombasa grassland presents a higher size and wider and longer leaves than the Marandu
one. The other variables (productivity, FNC, and LAI) produced better correlations. In Table 5, the best
results, based on R2, were highlighted in grey. These vegetation indices results were further used to
generate biophysical parameter maps obtained from the Sentinel-2 image of the experimental field.
3.2.1. Foliar Nitrogen Content (FNC)
Figure 7 shows the best band combination to estimate the FNC parameter, using the blue (b1-490),
green (b3-560), and red (b2-665) Sentinel-2 band in the Three Band Index (TBI) formulation. The model
generated produces a R2 = 0.38, RMSE = 3.4 g kg−1 and a p-value ≤ 0.01, with a linear fitting. Hence,
the FNC can be calculated applying Equation (1) on Sentinel-2 image, as follows:
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composed of different crop types and the type of management is different. Figure 8 shows that the 
highest FNC values are observed in system A, in the paddock under pasture (paddocks 1.4, 2.4) and 
in system C, in the paddocks 5.3 and 6.3 in a pre-pasture stage. The system B shows the lowest FNC 
Figure 7. FNC (g kg−1) graphic representation, as a function of the TBI vegetation index based on
Sentinel-2 bands in the Marandu and Mombasa experimental study area.
It should b noted at this model must be validated with field da a but in order to scale up
spatially the es mation of FNC, Equation (1) was applied in the April 25 S ntinel-2 image, obtaining
the ma represented in Figure 8. The difference in t of values of the parameter FNC in Figure 7
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(14–40 g kg−1) and Figure 8 (68–100 g kg−1) may be due to the fact that both areas were composed of
different crop types and the type of management is different. Figure 8 shows that the highest FNC
values are observed in system A, in the paddock under pasture (paddocks 1.4, 2.4) and in system C,
in the paddocks 5.3 and 6.3 in a pre-pasture stage. The system B shows the lowest FNC values in
all paddocks because it is in a grazing stage and it is the only system without fertilization process.
In system A, the high FNC values along all the edge of the system are due to the influence of the trees
present on the adjacent plots.
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The other index that presents a good correlation with the LAI is the two-band NDI, which
uses the bands centered at 783 and 740 nm in the red-edge region, with 10 m of spatial resolution.
Figure 11 shows the correlation between NDI and LAI. The generated model produces a R2 = 0.54,
RMSE = 1.4 m2 m−2 and a p-value ≤ 0.01, given by:
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with regression equations derived from in situ LAI and height data from June 2019 to November 2019.
The dates do not correspond with those of this study but these LAI data were taken as a reference.
According to the EMBRAPA results, they demonstrated that the LAI in the Piatã and Decumbens
grassland area ranged between 0 and 4. Consequently, the TBI index was excluded because it gave LAI
values between 0 and 10 (Figure 12). Analyzing the statistics of the other two indices, the NAOC was
finally selected because it presented better statistics (R2 = 0.57, RMSE = 1.4 m2 m−2, CV = 0.54) than
the NDI (R2 = 0.54, RMSE = 1.4 m2 m−2, CV = 0.52).
In order to spatially estimate the LAI and show the contrast in the field area, Equation (3) was
applied in the Sentinel-2 image (Figure 13). The spatial resolution of the image used was 20 m due to
the bands utilized. The LAI map is very similar to the FNC one (Figure 8), being the edges of system
A influenced by the surrounding trees. The LAI values ranged from 0 to 3. The highest LAI values
are obtained in systems A and B because of the fertilization process, being the system B the area with
lowest LAI values (around 1).
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R2 = 0.54, RMSE = 1800 kg ha−1 and a p-value ≤ 0.01, with an exponential fitting. Thus, productivity
can be calculated applying Equation (5) on Sentinel-2 image, as follows:
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In order to spatially estimate productivity parameter, Equation (5) was applied in the Sentinel-2
image over Piatã and Decumbens grassland area (Figure 15).
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The spatial resolution of the image bands showed in Figure 15 was 20 m. The forage biomass
values found for the entire area ranged from 400 kg ha−1 to 4000 kg ha−1. In general, we can observe
that for the systems that received fertilization (A and C), the highest productivity values were obtained.
Moreover, the paddocks (mainly, 1.1 and 1.3, and paddock 2.6) seemed influenced by the surrounding
trees in system A. Without concrete field validation, uncertainty of the estimations cannot be provided,
but low to medium productivity values were retrieved for the areas in the experimental site.
4. Discussion
A fundamental issue in biophysical parameters estimation via vegetation indices, is the lack of
a generally applicable index for various vegetation types. N directly interferes in the chlorophyll
content and, consequently, in its spectral characteristics and in the variables that compose the final
productivity. However, for the correct use of remote sensing in the monitoring of the Panicum maximum
cv. ‘Mombasa’ and Uroclhoa brizantha cv. ‘Marandu’, a more detailed knowledge of its spectral behavior
is still necessary.
4.1. Foliar Nitrogen Content (FNC)
We observed that our technique was sensitive to detect FNC discriminations in pastures under
different conditions of fertilization, management and regrowth time (Figures 7 and 8). The estimated
FNC values found for the Piatã and Decumbens grasslands ranged from 68 g kg−1 to 100 g kg−1, being
a result according to the amount of N applied to this area (180 kg ha−1 dose of N, from November 2017
to May 2018).
A comparison of 61 vegetation indices used for N estimation in rice areas was carried out by
Tian et al. [42], reporting that improved TBIs produce better results than existing TBIs for N estimation
in rice areas. Pacheco-Labrador et al. [48] also studied the performance of 82 vegetation indices for
the Mediterranean Quercus ilex tree and determined for N prediction that the proposed TBIs also
improved the results. However, their studies showed that these vegetation indices are sensitive to
specific vegetation species, growth stages and study areas. This evidence can explain why the bands
selected by ARTMO software for the two tropical grassland varieties studied are different from those
cited by Tian et al. [42] in Table 3.
Bands in the VIS region generally correlate well with N content due to the correlation with
photosynthetic pigments and their absorbance [49]. These pigments, found in chloroplasts, are
chlorophyll (65%), xanthophyll (29%) and carotenes (6%). Within the absorption bands, there are two
bands centered approximately at 480 nm possibly due to the presence of carotenes, and at 680 nm,
related to the chlorophyll content. There is also a peak of reflectance around 550 nm, corresponding to
the green region of the spectrum [50]. The index selected in this study for FNC retrieval indicates the
importance of the blue band, with an increase in blue reflectance leading to an increase in FNC of the
tropical fodder (b1-490; b2-665; b3-560). Interestingly, the blue band is not often used in N studies,
in contrast to the red-edge bands which are correlated to chlorophyll content [22].
On the other hand, this study obtains the different values of FNC for the systems A, B, and C.
The FNC values found for the entire area ranged from 68 g kg−1 to 100 g kg−1. In general, it can be
observed that in the fertilized A and C systems, the paddocks in the pre-grazing stage had the highest
FNC values, about 100 g kg−1. Due to, in the beginning of the pre-grazing stage (around 30 days of
growth), the amount of biomass is higher and, therefore, the N content is also higher. The system B did
not receive N fertilization and presented the lowest FNC values, ranging between 68 and 80 g kg−1.
Local FNC differences in the experimental area can possibly be devoted to management practices
or environmental conditions of the field. For example, in system A, paddocks 1.1, 1.2, and 1.3, trees
were present on the sideline of the area providing shade and, for this reason, neighboring pixels inside
these areas probably presented higher values of FNC. Moreover, the paddocks 1.1 and 2.1 are in the
pre-paste stage (growing for 27 days) and the pixels in these areas have a higher values of coloration
when compared to the paddocks 1.2, 2.2, and 1.3, 2.3, showing a better vegetative intensity due to the
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higher biomass (longer growth time) and N content resulting from the past system fertilization [51].
Concerning paddocks 1.2, 2.2 and 1.3, 2.3, in the pixel coloring is similar although paddock 1.2, 2.2 is in
growth stage (growing for 9 days) and paddock 1.3, 2.3 is in post grazing stage (growing for 3 days).
The regrowth of pastures after defoliation at this time (April) is slower and the difference in the growth
period (only 6 days) of the paddocks should not have been sufficient to promote difference within the
image. Moreover, the growth rate of the forage grasses soon after pasture is related to the intensity of
defoliation and is usually lower at the beginning of the sprouting [52].
4.2. Leaf Area Index
LAI is an important parameter of the plant canopy, as it is intrinsically linked to the capacity
to intercept photosynthetic active radiation and, therefore, correlated with photosynthesis [47].
The red-edge region, indicating the contrast between high absorption in the red and high scattering in
the far-red by leaves from vegetation, is commonly used for the remote estimation of LAI parameter [53].
However, due to absorption saturation in the red region [54], a far-red is also sometimes chosen as
sensitive band. For example, Sentinel-2 LAI Index (SeLI) is a normalized index that uses the 705 and
865 nm centered bands, exploiting the red-edge region for low-saturating absorption sensitivity to
photosynthetic vegetation [38]. In this study, the best combinations of bands for LAI estimations were
obtained with bands located at red-edge and NIR regions, i.e., 740 and 783 nm. Figure 13 shows
that LAI values found for the entire area ranged between 1 and 3. Only system B (no N fertilization)
presented lower LAI values (around 1), when compared to the two other systems (A and C).
The finally selected vegetation indices to estimate LAI parameter was the NAOC index, which is
based on the calculation of the area over the reflectance curve, determined from the integral of the
red–near-infrared interval. Several authors have shown that exploiting a contiguous reflectance curve
instead of using a few single bands sensitive to biophysical variables tend to be more promising to
obtain good biophysical parameter retrieval results [55–57].
4.3. Productivity
Several studies demonstrate that narrowband vegetation indices can be crucial in providing
essential and potential information to quantify biochemical or biophysical characteristics of
vegetation [58,59]. Analyzed the responses of Tifton 85 grass (Cynodon spp.) to N fertilization using
vegetation indices calculated from multispectral images, Simões et al., [60] obtained that the best rates
to estimate productivity were NDI and Green Coverture Index (GCI). Tong et al., [61] studied C3
and C4 type grasses in China and found high correlations between productivity vegetation indices
and bands located in VIS and NIR region. The best results observed by the authors for productivity
estimation were obtained for the indices with three bands, being b1-711; b2-582; b3-718 (R2 = 0.730).
Here, the Dall’Olmo (DO) vegetation index were applied with best performing bands in the
red-edge and NIR (740-783-865) spectral areas, showing that the productivity estimation was sensitive
to detect differences in productivity in pastures under different conditions of fertilization, management
and regrowth time (Figure 15). In general, we can observe that for the systems that received fertilization
(A and C), the highest productivity values (2000 kg ha−1) were obtained. The unfertilized system B was
under continuous manning, presenting lower forage biomass at the time of evaluation (800 kg ha−1)
compared to the fertilized systems managed under rotational management. The lower fertilization in
system B was also indicated by lower FNC values (Figure 6) showing consistent results between the
retrieval of biophysical parameters based on different spectral bands.
5. Conclusions
Biomass productivities clearly range according to the N doses within a controlled fertilization
field set-up used for spectral calibration of biophysical parameters. Based on multiple harvesting
cuts, this experiment allowed us to gather a strong dataset for the development of the parameter
retrieval equations, while at the same time allowed us to see the impact on fertilization (without
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grazing) for two species. In the case of the Mombasa cultivar, the recommended dose would be
75 kg ha−1 since it was the one that provided the highest productivity (23.3 tn ha−1). For the Marandu
cultivar, the recommended dose, according to this study, would be between 50 kg ha−1 cycle−1 and
75 kg ha−1 cycle−1, since its productivities obtained similar performances, being 15.6 tn ha−1 for the
50 kg ha−1 cycle−1 and 16.8 tn ha−1 for the 75 kg ha−1 cycle−1. The recommendations in this article
regarding N dosage are about ideal irrigation conditions.
In situ measured parameters combined with field spectroscopy allowed us to establish the
best vegetation index applicable to the Sentinel-2 band settings for essential biophysical parameters
retrieval for grassland species. From the four variables studied, three produced good statistics (FNC,
productivity and LAI) and consistently showed the effect of fertilization and pasture management on
the amount of biomass increases, productivity and LAI values. N fertilizers influence the characteristics
of the canopy and its reflectance. The FNC obtained the best correlation for the TBI index with a R2
of 0.38 and RMSE of 3.4 g kg−1. For the productivity parameter, the best index found was the DO
with (R2 = 0.54, RMSE = 1800 kg ha−1) and for the LAI, the best index was the NAOC (R2 = 0.57,
RMSE = 1.4 m2 m−2). It was possible to observe that the data obtained through the Sentinel-2 satellite
can contribute to the estimation of biophysical parameters in large areas and at high spatial resolution
demonstrating local variation within the fields. Hereby it is shown that values of FNC, productivity
and LAI, respectively, estimated from different bands in different spectral regions (VIS, red-edge and
NIR), consistently showed high values in the areas of higher N fertilization, demonstrating the high
potential of the different Sentinel-2 bands in agricultural monitoring for management purposes. Future
studies should consider the validation of image satellite data with data obtained in the field and the
systematic application of the methodology in a time-series approach.
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